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Abstract 

Since genes do not function individually, the gene module is considered an important tool for interpreting gene 
expression profiles. In order to consider both functional similarity and expression similarity in module identification, 
GMIGAGO, a functional Gene Module Identification algorithm based on Genetic Algorithm and Gene Ontology, was 
proposed in this work. GMIGAGO is an overlapping gene module identification algorithm, which mainly includes 
two stages: In the first stage (initial identification of gene modules), Improved Partitioning Around Medoids Based 
on Genetic Algorithm (PAM-GA) is used for the initial clustering on gene expression profiling, and traditional gene 
co-expression modules can be obtained. Only similarity of expression levels is considered at this stage. In the second 
stage (optimization of functional similarity within gene modules), Genetic Algorithm for Functional Similarity Opti-
mization (FSO-GA) is used to optimize gene modules based on gene ontology, and functional similarity within gene 
modules can be improved. Without loss of generality, we compared GMIGAGO with state-of-the-art gene module 
identification methods on six gene expression datasets, and GMIGAGO identified the gene modules with the high-
est functional similarity (much higher than state-of-the-art algorithms). GMIGAGO was applied in BRCA, THCA, HNSC, 
COVID-19, Stem, and Radiation datasets, and it identified some interesting modules which performed important 
biological functions. The hub genes in these modules could be used as potential targets for diseases or radiation pro-
tection. In summary, GMIGAGO has excellent performance in mining molecular mechanisms, and it can also identify 
potential biomarkers for individual precision therapy.

Keywords  Functional gene module, Overlapping gene module, Genetic algorithm, Gene ontology, Partitioning 
around medoids, Gene expression data

Introduction
With the development and general application of high-
throughput sequencing technology, a lot of gene expres-
sion data (RNA-Seq data, microarray data, etc.) have 

been accumulated in biological research. How to mine 
biological knowledge from these data effectively is an 
urgent problem to be solved. Many studies show that 
genes do not function individually, so the gene module 
is considered an useful tool for interpreting gene expres-
sion profiles [1–3]. Generally, a module is a group of co-
expressed genes (genes with similar expressions) with 
similar functions [3, 4], which is mainly obtained through 
Gene Co-expression Network (GCN) analysis [5] cur-
rently, so it can also be called a co-expressed module. 
Nodes in GCN denote genes, and edges denote relation-
ships between genes. Whether there is an edge between 
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two genes is determined by the correlation between 
gene expression. Pearson correlation coefficient is the 
most commonly used measure, and nonlinear meas-
ures such as Spearman rank correlation coefficient and 
mutual information can also be used [6]. One of the most 
widely used pipelines in GCN analysis is “weighted gene 
co-expression network analysis (WGCNA)” [7, 8], the 
core of which is to use hierarchical clustering to identify 
gene co-expression modules. It can be further used for 
downstream tasks such as correlation analysis between 
modules and external indicators, and identification of 
hub genes. Recently, WGCNA has been applied in many 
research directions [9, 10].

Based on WGCNA, researchers have proposed many 
gene co-expression module identification algorithms. 
Zhang et  al. introduced quasi-cliques detection tech-
nique and proposed a new method (lmQCM) to mine 
gene modules in weighted networks, which could obtain 
more functional and genetic information from expres-
sion data [11]. Dai et al. proposed csuWGCNA by com-
bining signed and unsigned methods, and it improved 
the detection of negative correlation [12]. Hou et  al. 
improved WGCNA by adjusting the hierarchical cluster-
ing while maintaining the advantages of dynamically cut 
trees, so that all genes could be assigned to modules with 
the highest average connectivity [13]. In the early stage, 
our team combined Newman and K-Means algorithms 
to propose a new method of gene module identification: 
GCNA-Kpca [4]. This algorithm took into account the 
role of modularity in the clustering process and could 
find the optimal membership module for each gene 
through multiple iterations. On the other hand, since a 
gene (or protein) is involved in multiple functions, over-
lapping gene modules (i.e. a gene can belong to one or 
more modules) are more reflective of the real biologi-
cal system [14, 15]. Based on independent component 
analysis (ICA), principal component analysis (PCA), 
and independent principal component analysis (IPCA), 
Nguyen et  al. proposed a method for the identification 
of overlapping gene co-expression modules: oCEM, 
which had good performance in detecting clinically rel-
evant co-expression modules [3]. Camila et  al. further 
extended WGCNA, using hierarchical link clustering 
to identify communities (modules) in co-expression 
networks, and identified 19 rice genes associated with 
salt stress [15]. The above methods had achieved good 
results in the identification of gene co-expression mod-
ules, but they only considered the similarity between 
gene expressions in the clustering process, while ignor-
ing the functional similarity within the modules. The 
original purpose of gene module identification is to 
find some groups of genes with similar expressions and 

similar functions [3, 4], so how to satisfy these two con-
ditions at the same time is a tough problem.

Gene functions are usually described qualitatively, so 
it is difficult to compare them directly [16]. Fortunately, 
the Gene Ontology (GO) project (http://​www.​geneo​
ntolo​gy.​org/) provides structured, controlled vocabu-
laries and classifications that cover several domains of 
molecular and cellular biology [17]. In general, which 
GO terms are overrepresented or underrepresented 
can be judged based on annotations. This process is 
called Gene Ontology Enrichment Analysis (GOEA), 
which can find the GO terms that are most relevant to 
a given gene module [18]. Further, we can calculate the 
similarity of significantly enriched GO terms to meas-
ure the functional similarity of genes in this module. 
At present, a popular similarity calculation strategy for 
GO terms is based on the Information Content (IC), 
which is to measure the importance of each term in 
the Directed Acyclic Graph (DAG) of GO [19]. And 
the similarity of the two GO terms depends on their 
respective IC, as well as the IC of their Lowest Com-
mon Ancestor (LCA) [16].

After determining the evaluation indicators of func-
tional similarity, the identification of functional gene 
modules was transformed into a combinatorial opti-
mization problem in this work. Namely, with the goal 
of increasing the functional similarity within mod-
ules, the membership modules for each gene (the 
modules to which each gene belongs) were continu-
ously adjusted under certain rule constraints, and the 
Genetic Algorithm (GA) was used to optimize this 
process. GA is a bio-inspired meta-heuristic approach 
based on the concepts of biological evolution and sur-
vival of the fittest individuals [20]. Recently, GA has 
been used to solve various difficult optimization prob-
lems. Although GA may not obtain the optimal solu-
tion, it can provide better results within a reasonable 
time [21]. There are three main operators in GA: selec-
tion, crossover and mutation, out of which crossover 
is the most important operator [22]. In order to make 
GA converge faster, enough information needed to be 
inherited from elite individuals (individuals with bet-
ter fitness). Therefore, we referred to [20] and used 
the elite crossover strategy in the selection operator. 
This strategy uses all individuals in a generation to 
cross with elite individual in turn, and elite individual 
can be replaced by one with better fitness at any time. 
GA using elite crossover strategy is called elite GA 
(EGA) [20]. Some studies have applied GA to the iden-
tification of gene modules. Toubiana et  al. developed 
a GA to optimize gene modules by gradually increas-
ing the correlation between traits and a subset of gene 
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modules [23]. Novoa et al. proposed a multi-objective 
GA for identifying active modules in MUltiplex biolog-
ical Networks, which optimized the density of interac-
tions and the scores of the nodes [24]. However, GA 
was rarely applied to the optimization of functional 
similarity within gene modules.

We proposed GMIGAGO (Fig. 1), a functional Gene 
Module Identification algorithm based on Genetic 
Algorithm and Gene Ontology, considering both the 
expression similarity and function similarity within 
the modules. GMIGAGO is an overlapping gene mod-
ule identification algorithm actually, which mainly 
includes two stages: In the first stage (initial identifica-
tion of gene modules), Improved Partitioning Around 
Medoids Based on Genetic Algorithm (PAM-GA) is 
used for the initial clustering of gene expression data, 
and traditional gene co-expression modules, also called 
clusters, can be obtained. Only similarity of expres-
sion levels is considered at this stage. In the second 
stage (optimization of functional similarity within gene 
modules), Genetic Algorithm for Functional Similarity 
Optimization (FSO-GA) is used to optimize gene mod-
ules based on gene ontology. Finally, functional similar-
ity within gene modules can be improved. Moreover, to 
verify the effectiveness of GMIGAGO in application, 
we carefully analyzed the gene modules in six data-
sets, including enrichment results analysis, association 
analysis between modules and clinical indicators, and 
identification of hub genes, etc. The results showed that 
the gene modules identified by GMIGAGO performed 
important biological functions, and the hub genes in 
the key modules could also be used as a potential thera-
peutic targets. The above results demonstrated that 
our functional gene modules had significant biological 
significance.

Materials and methods
Initial identification of gene modules
Partitioning around medoids
Partitioning Around Medoids (PAM) is a classic clus-
tering method, which uses k representative objects 
called medoids (chosen from the dataset) that serve 
as prototypes (centers) for the clusters instead of 
means. Therefore, one of the advantages of PAM is 

that it can use any custom distance [25]. The steps of 
the traditional PAM are as follows: (1) Input n genes 
{g1, g2, · · · , gn} and cluster number k . (2) k genes are 
randomly selected from the dataset as the initial 
medoid set (the K-Means +  + strategy is used to ensure 
that the initial medoids are sufficiently dispersed). (3) 
Assign each gene into the cluster represented by the 
medoid closest to it. (4) Calculate the sum of the dis-
tances ( dsum ) that all genes to the medoid of the cluster 
to which they belong. (5) Randomly update the medoid 
set and repeat (3) and (4) until the maximum number 
of iterations is reached. A new medoid set is accepted if 
it reduces dsum.

Drawing on the method of gene co-expression net-
work construction [26,  27], our distance between two 
genes was defined based on the Pearson correlation 
coefficient (Formula 1):

where, g1i denotes the expression level of gene 1 in the ith 
sample, g1 denotes the mean expression level of gene 1 in 
all samples, and m denotes the number of samples. We 
ran the PAM with a range of different values (from 8 to 
20) of cluster number k , and the k that optimized the Sil-
houette Score (Formula 2 ~ 3) was determined. The maxi-
mum number of iterations per run was set to 2000.

Improved Partitioning Around Medoids Based on Genetic 
Algorithm (PAM‑GA)
In order to solve the problem that PAM searched 
medoids blindly and had difficulty in convergence, we 
proposed a new clustering algorithm: PAM-GA, as shown 
in Algorithm  1. Specifically, a GA is designed to search 
for medoids in PAM, replacing the process of randomly 
selecting medoids in traditional PAM (Algorithm 1, line 
1 ~ 8): (1) Initialize the population (line 1). (2) Evaluate 
the fitness of each individual in the population according 
to the objective function, and select the elite individual 
(line 2 ~ 3). (3) Perform crossover and mutation opera-
tions to generate the next generation of population, and 

(1)

Dist = 1−
m
i=1(g1i − g1)(g2i − g2)

m
i=1 (g1i − g1)

2 m
i=1 (g2i − g2)

2

Fig.1  Flow-chart of GMIGAGO
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continue to iterate until the termination conditions are 
met (line 4 ~ 8). (4) Finally, clustering is performed based 
on the optimal medoid set. Namely, assign each gene into 
cluster represented by the medoid closest to it, and get 
the final clustering result (line 9).

Algorithm 1. PAM-GA

(1) Objective function (fitness function)

The objective function of this GA is the Silhouette Score. 
Suppose a gene i is assigned into a certain cluster, then the 
Silhouette Score of it is defined as follows:

In the Formula 2, ai denotes the average distance between 
gene i and the genes in the same cluster, and bi denotes the 
average distance between gene i and the genes in other 
clusters. When the Silhouette Scores of all genes are cal-
culated, the mean of the Silhouette Scores of clustering is 
calculated by the following formula:

where, n denotes the total number of genes. The larger 
the S , the better the clustering effect. We clustered genes 
according to the searched medoids set (assigned each 
gene into the cluster represented by the medoid closest 
to it), and then calculated Silhouette Score to obtain the 
value of objective function.

(2) Coding and initialization

In PAM-GA, an individual is a medoid set in the cluster-
ing. To this end, each gene is numbered as an integer in 
the [0, n) . And an individual can be represented by a set 
I = {x1, x2, · · · , xk}, where xi denotes the ID of the gene 
selected as the ith medoid (to avoid confusion, xi is called an 
element in this paper), and k denotes the number of clus-
ters determined by PAM in Partitioning around medoids. 
In order to diversify the initial population, we used the 

(2)si =
bi − ai

max(ai, bi)

(3)S =
1

n

n
∑

i=1

si

initial individuals randomly produced, and the medoid set 
obtained by PAM was also included in the initial popula-
tion. The size of the initial population ( P ) was set to 8000.

Algorithm  2. NextGeneration(3) Elite crossover 
strategy

Crossover and mutation operations are to generate 
the next generation of populations, as shown in Algo-
rithm 2. To make the model converge quickly, we used 
the elite crossover strategy, which let all individu-
als in a generation cross with elite individual in turn, 
and elite individual could be replaced by one with bet-
ter fitness at any time (Algorithm  2, line 3 ~ 12). This 
strategy is conducive to inheriting enough information 
from elite individuals, which enables the algorithm 
to explore more promising areas. During crossover, 
PAM-GA firstly merges all elements of the two par-
ents, and then randomly selects k elements as children 
(Algorithm 3).

Algorithm 3. Crossover (PAM-GA)

(4) Mutation

Mutation is the process of increasing diversity of the 
population and exploring new search region by intro-
ducing random variations in the individuals. The muta-
tion operator of PAM-GA is as follows: an element in 
the individual is removed with a mutation probability 
(default was 0.1), and a gene not in this individual is 
randomly added. In particular, the elements in individ-
ual are guaranteed not to be duplicated after the muta-
tion operation (Algorithm 4).
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Algorithm 4. Mutation (PAM-GA)

(5) Termination conditions

There are two termination conditions for PAM-GA, 
and the algorithm can be ended if anyone is satisfied: 
One is to reach the maximum number of iterations ( G ) 
( G = 20 in PAM-GA). The other is that the fitness of elite 
individual has not changed in the three generations.

Functional similarity optimization of gene modules
Inspired by NEO-K-Means [28], we designed a genetic 
algorithm (FSO-GA) to adjust the membership mod-
ule for each gene, and considered both functional simi-
larity and expression similarity during the adjustment. 
The operation process is as follows: Firstly, the adjust-
ment rules of the membership modules for each gene 
are defined based on the initial modules (from the first 
stage). Then GA is used for combination optimization 
based on adjustment rules, and the optimization objec-
tive is the GO functional similarity within gene modules. 
Due to the complexity of gene functions in organisms, a 
gene often participates in multiple biological processes at 
the same time. So FSO-GA is an overlapping clustering 
algorithm, that is, a gene can belong to multiple modules 
in FSO-GA.

Adjustment rules of the membership modules for each gene
Generally, the distance between a gene and the center of 
a cluster can be used to determine whether the gene can 
be assigned into this module. In this work, if the distance 
(Formula 1) between a gene and a medoid (obtained by 
PAM-GA) was less than a threshold, it was considered 
that the gene could be assigned into the module repre-
sented by this medoid, so that a list of potential mem-
bership modules for each gene could be generated. The 
threshold is calculated as follows:

where, Q1 and Q3 denote the lower and upper quartile 
of all distance from genes to medoid in a cluster, and 
Q3− Q1 is called the quartile range (QR). Formula 4 is 
the outlier cut-off point (upper limit) of the distance from 
intra-cluster genes to medoid (Fig. 2).

(4)Threshold = Q3+ 1.5 ∗ (Q3− Q1)

Genetic Algorithm for Functional Similarity Optimization 
(FSO‑GA)
The overall process of this GA is similar to that of PAM-
GA (for the pseudo-code, please refer to Algorithm 1 ~ 2). 
The elite individual obtained by FSO-GA is the result of 
functional similarity optimization.

(1) Objective function (fitness function)

To calculate the functional similarity of a module, GO 
enrichment analysis was performed on genes within a 
module using the "enrichr ()" in "gseapy" python pack-
age. GO annotation files for human genes came from two 
databases: GeneOntology (http://​geneo​ntolo​gy.​org/) and 
STRING (https://​string-​db.​org/). We merged these two 
files to get the final GO annotation dataset (Supplemen-
tary Table S1). Since biological process (BP) was of great 
significance and was the most widely used category in 
GO, we only considered BP in this work (molecular func-
tion and cellular component could be calculated in the 
same way). The enriched BPs with Adjusted P-value < 0.05 
were considered statistically significant, and these BPs 
were used for further analysis.

Next, we used the method proposed by Lin [29] to 
calculate the similarity of the BPs enriched by the same 
module. This method is an algorithm for similarity 

Fig. 2  The structure of box plot
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measurement of GO-terms based on information the-
ory, which tries to maximize the similarity between 
two GO-terms which share more information. There-
fore, the concept of IC is introduced: For any GO term 
t , p(t) denotes the probability of finding a child of t in 
the DAG. According to the information theory, the IC 
of t can be expressed as −log(p(t)) . Then the similar-
ity of GO-terms ti and tj is obtained by the following 
formula:

where S(ti, tj) denotes the set of parents shared by ti and 
tj . Obviously, simlin

(

ti, tj
)

∈ [0, 1] . In order to consider 
the similarity and significance of BPs in a module at the 
same time, the objective function is calculated based on 
Formula 6:

where α is a weight coefficient, which is used to balance 
functional similarity and enrichment significance. Sim is 
the functional similarity within the module, as shown in 
Formula 7 ~ 8. Sig is the enrichment significance of the 
module, as shown in Formula 9.

where ti and tj denote BP-terms, num is the number of 
BPs involved in the calculation in the module to which 
ti belongs, Simi denotes the similarity between the ith BP 
( ti ) and other BPs ( t∗ ) in the same module, sum is the 
number of BPs involved in the calculation of all modules, 
Pi is the Adjusted P-value corresponding to ti . Notably, a 
gene module might include a lot of BPs, but we usually 
only focused on some BPs with the highest significance, 
which represented the most important biological pro-
cesses that the gene module was involved in. Therefore, 
we referred to the practice of most studies: If more than 
20 BPs were in a module, only the 20 BPs with the high-
est enrichment significance (Adjusted P-value) would be 
studied. This operation also saved computing time.

(2) Coding and initialization

(5)Simlin

(

ti, tj
)

=
2×maxt∈S(ti ,tj)[log(p(t))]

log(p(ti))+ log(p(tj))

(6)Target = Sim× α + Sig

(7)Simi =
1

num− 1

∑

i �=j

Simlin

(

ti, tj
)

(8)Sim =
1

sum

sum
∑

i

Simi

(9)Sig =
1

k

sum
∑

i

−log10Pi

Due to overlapping clustering, the result of FSO-GA 
can be represented by a matrix An×k , where n denotes 
the total number of genes in the dataset, and k denotes 
the number of clusters (consistent with PAM-GA). 
Then any element ai,j in A satisfies Formula 10, and an 
individual in the population can be represented by a 
matrix A.

According to the list of potential membership modules 
for each gene, we randomly assigned a gene to 1~M mod-
ules (the number was randomly generated), where M was 
the maximum number of modules this gene could belong 
to, and an individual was obtained after all genes were 
assigned. Moreover, to control the overlap rate between 
modules, we set a probability threshold over. If the ran-
dom probability was less than over, the gene could belong 
to 2 or more modules (except genes with M = 1 ); and if it 
was greater than over, the gene could only belong to one 
module (Algorithm  5, line 9 ~ 13). Of note, if over = 1 , 
it meant that all genes could be assigned into 1~M mod-
ules (Algorithm  5, line 15). In particular, gene modules 
from PAM-GA were also included in the initial population 
(Algorithm 5, line 3).

Algorithm 5. Initialization (FSO-GA)

(3) Elite crossover strategy

Similar to PAM-GA, the elite crossover strategy is 
still applied to FSO-GA (Algorithm 2, line 3 ~ 12). Dur-
ing crossover, a truncation point cut(Algorithm 6, line 
2) is randomly selected in [1, n] , and then the first cut 
lines of one parent are merged with the cut + 1 ∼ n 
lines of another parent to form a child (Algorithm  6, 
line 8).

(10)ai,j =

{

1, gene i belongs to module j
0, gene i does not belong to module j
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Algorithm 6. Crossover (FSO-GA)

(4) Mutation

The mutation operation of FSO-GA is to reassign a 
gene to new modules with a certain mutation probabil-
ity. Firstly, all ai,∗ corresponding to the gene i are set to 
0, then the modules to which gene i belongs are rede-
fined according to the method in the initialization (Algo-
rithm 5, line 8 ~ 16).

(5) Termination conditions

Termination conditions for FSO-GA are the same as for 
PAM-GA, see Improved Partitioning Around Medoids 
Based on Genetic Algorithm (PAM-GA) section  (5).

(6) Parameter values

The parameter values used by FSO-GA are shown in 
Table 1. The values of over and α should be determined 
according to the actual situation, that is, different data-
sets have different values. We obtained the best values 
corresponding to each dataset after many experiments.

Benchmark to compare the performance of GMIGAGO 
with existing methods
Data collection and preprocessing
To compare GMIGAGO with state-of-the-art methods, 
we tested 6 gene expression datasets (five RNA-seq data-
sets, and one microarray dataset). Three of them are from 
The Cancer Genome Atlas (TCGA, https://​cance​rgeno​
me.​nih.​gov) and three are from the Gene Expression 
Omnibus (GEO, https://​www.​ncbi.​nlm.​nih.​gov/​geo/).

(1) TCGA datasets
We obtained RNA-seq data of three cancers from 
TCGA: Breast Invasive Carcinoma (BRCA, 1080 
samples), Thyroid Carcinoma (THCA, 500 samples), 
and Head and Neck Squamous Cell Carcinoma 
(HNSC, 432 samples). The gene expression levels in 
these three datasets were Fragments Per Kilobase 
Million (FPKM), and the preprocessing steps were 
as follows: ① Removing genes with lower expres-
sion. Genes whose expression levels were 0 in more 
than 20% of the samples were removed. Note that, 
if such genes do not exist in the data set, this step 
can be ignored. ② Differential expression analy-
sis. We calculated the fold change of each gene’s 
FPKM between cancer and normal tissues, and car-
ried out t-test using the “ttest_ind()” in “scipy.stats” 
python package. Next, we retained genes (differen-
tially expressed genes, DEGs) with Fold Change ≥ 
x or Fold Change ≤ 1/x and P-value < 0.05, and the 
FPKMs of these genes in cancer samples were the 
final training dataset ( x = 1.3 in all TCGA datasets). 
Of note, the x depends on the dataset which can be 
determined according to the traditional differential 
expression analysis process. The above two-steps 
are similar to the preprocessing of gene expression 
data in most studies. It not only removes noise genes 
in the dataset but also selects genes with research 
value, which ensures the reliability of subsequent 
analysis.
(2) COVID-19 dataset
The dataset is extracted from GEO (GSE161777), 
including RNA-seq data (read counts, 40 samples) 
of peripheral blood of 13 COVID-19 patients at 6 
pseudotimes, and samples from 14 healthy donors. 
Firstly, we converted the read counts into FPKM, 
and removed the genes with lower expression. Then 
the differential expression analysis was performed 
for each pseudotime ( x = 2.5 ). Finally, the DEGs 
of all pseudotimes were merged, and the FPKMs 
of these genes in 40 patients were the final training 
dataset.
(3) Stem dataset

Table 1  Parameters of FSO-GA and values used in this work

Parameter Description Value

P Size of the population 1000

G Number of generations 20

µ Mutation rate 0.1

over Module overlap probability Determined by the dataset

α Weighting factor for balancing functional similarity with enrichment 
significance

Determined by the dataset

https://cancergenome.nih.gov
https://cancergenome.nih.gov
https://www.ncbi.nlm.nih.gov/geo/
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The dataset is extracted from GEO (GSE122380), 
including RNA-seq data (read counts) for 19 Yor-
uba individuals at 16 time points each during the 
differentiation from iPSC to cardiomyocyte (297 
samples). Above all, read counts were converted 
into FPKM, and the genes with lower expression 
were removed. Further, the feature selection tech-
nique (random forest) was used to identify the top 
3000 genes with the most significant expression 
changes at different time points. The FPKMs of 
these genes in 297 samples were taken as the final 
training dataset.
(4) Radiation dataset
The dataset is extracted from GEO (GSE161777), 
including microarray gene expression profiles of 
human peripheral blood exposed to 0  Gy (control), 
0.15 Gy, 0.3 Gy, 1.5 Gy ionizing radiation for 1 h, 2 h, 
and 6 h. We only used the samples at 1 h. Differential 
expression analysis was performed between 0.15 Gy, 
0.3 Gy, and 1.5 Gy with 0 Gy respectively ( x = 1 ), and 
all DEGs were merged as the final training dataset.

Evaluation indicators
We selected two evaluation indicators: Silhouette Score 
( S , calculated by Formula 3) was used to evaluate PAM-
GA. Functional similarity within the module ( Sim , cal-
culated by Formula 8) was used to evaluate FSO-GA. 
It can be known from Formula 3 and 8 that S ∈ [−1, 1] , 
Sim ∈ [0, 1] , and the larger the two indicators, the better 
the performance of algorithms.

State‑of‑the‑art algorithms selected for comparison
We compared PAM-GA with five clustering algorithms 
for the initial identification of gene modules on six data-
sets, which were all common clustering algorithms that 
accepted custom distance. The distance in Formula 1 was 
used in all algorithms. The five comparison algorithms 
and their parameter settings are as follows:

(1) Density-Based Spatial Clustering of Applications 
with Noise (DBSCAN), using the “DBSCAN()” in 
“sklearn” python package. The parameter “min_sam-
ples” got value by steps of 1 in [2, 20) . The parameter 
“eps” got value by steps of 0.2 in [0.2, 4) . Finally, the 
clustering was performed using the combination of 
parameters that made Silhouette Score optimal.
(2) Affinity Propagation, using the “AffinityPropaga-
tion()” in “sklearn” python package. Parameters were 
set to default values.
(3) Hierarchical Clustering, using the “Agglomera-
tiveClustering()” in “sklearn” python package. The 
parameter “n_clusters” got value by steps of 1 in 

[8, 20] . The parameter “linkage” got value in the set 
{“complete”, “average”, “single”}. Finally, the cluster-
ing was performed using the combination of param-
eters that made Silhouette Score optimal.
(4) Spectral Clustering, using the “SpectralClus-
tering()” in “sklearn” python package. The param-
eter “n_clusters” got value by steps of 1 in [8, 20] . 
The parameter “gamma” got value in the set 
{1E − 09, 1E − 08, 1E − 07, 1E − 06, 1E − 05, 1E − 04, 1E − 03} . 
Finally, the clustering was performed using the com-
bination of parameters that made Silhouette Score 
optimal.
(5) Partitioning Around Medoids (PAM). See Parti-
tioning around medoids section for the experimental 
program.

Similarly, to compare the results of functional similar-
ity optimization of gene modules, we performed FSO-GA 
and five state-of-the-art gene module identification algo-
rithms on six datasets. And in order to have a fair com-
parison, we used the parameters recommended by the 
authors in all five algorithms. The details are as follows 
((1), (2), (3) are non-overlapping gene module identifica-
tion algorithms, and (4), (5) are overlapping gene module 
identification algorithms):

(1) Weighted Gene Co-expression Network Analysis 
(WGCNA) [7, 8].
(2) GCNA-Kpca [4].
(3) k-module algorithm [13].
(4) Overlapping CoExpressed gene Module (oCEM) 
[3].
(5) NEO-PAM. This algorithm was an imple-
mentation of NEO-K-Means in our work, which 
replaced K-Means with PAM in NEO-K-Means, 
and other parts were consistent with NEO-K-
Means. NEO-PAM expands the distance space of 
NEO-K-Means, so that it can be directly compared 
with FSO-GA.

Application analysis
In order to better utilize GMIGAGO for the mining of 
life mechanisms, we designed a bioinformatics frame-
work for subsequent analysis of the gene modules, and 
tried to explain the molecular mechanism of BRCA, 
THCA, HNSC, COVID-19, Stem, and Radiation to a 
certain extent. Firstly, the BPs enriched for each gene 
module (the output of GMIGAGO) were analyzed 
in detail to identify the module of interest. Then the 
module of interest was input into the STRING data-
base to retrieve the protein interaction relationships 
(confidence score ≥ 0.400 was set as significant), and 
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a protein–protein interaction (PPI) network was con-
structed. Finally, the degree of each node (gene) in the 
PPI network was calculated, and the genes with larger 
degree were defined as the hub genes.

Results
Results of initial identification of gene modules
DBSCAN, Affinity Propagation, Hierarchical Cluster-
ing, Spectral Clustering, PAM, and PAM-GA were 
applied to six datasets of BRCA, THCA, HNSC, 

COVID-19, Stem, and Radiation, respectively (Table 2). 
It can be seen that our PAM-GA shows the best cluster-
ing effect (the highest Silhouette Score) in the six data-
sets: 0.132069 (BRCA), 0.178543 (THCA), 0.132306 
(HNSC), 0.216090 (COVID-19), 0.280704 (Stem), 
0.142994 (Radiation). Notably, PAM-GA identifies 11 
modules in BRCA, 10 modules in THCA, 8 modules in 
HNSC, 9 modules in COVID-19, 9 modules in Stem, 
and 9 modules in Radiation.

Table 2  The comparative results of different clustering algorithms (DBSCAN, Affinity Propagation, Hierarchical Clustering, Spectral 
clustering, PAM, and PAM-GA) on BRCA, THCA, HNSC, COVID-19, Stem, and Radiation datasets

* The last column denotes the optimal parameter values obtained after many experiments

Datasets Algorithm Silhouette Score Parameter Value

BRCA​ DBSCAN 0.010419 min_samples = 3, eps = 0.6

Affinity Propagation -0.470702

Hierarchical Clustering 0.097262 n_clusters = 8, linkage = ”average”

Spectral Clustering -0.331269 n_clusters = 8, gamma = 1E-04

PAM 0.109636 k = 11

PAM-GA 0.132069 k = 11

THCA DBSCAN 0.037134 min_samples = 9, eps = 0.3

Affinity Propagation -0.558596

Hierarchical Clustering 0.137183 n_clusters = 8, linkage = ”average”

Spectral Clustering -0.381021 n_clusters = 8, gamma = 1E-05

PAM 0.129793 k = 10

PAM-GA 0.178543 k = 10

HNSC DBSCAN 0.036295 min_samples = 11, eps = 0.5

Affinity Propagation -0.474879

Hierarchical Clustering 0.076271 n_clusters = 8, linkage = ”average”

Spectral Clustering -0.293960 n_clusters = 8, gamma = 1E-07

PAM 0.109274 k = 8

PAM-GA 0.132306 k = 8

COVID-19 DBSCAN 0.064597 min_samples = 13, eps = 0.2

Affinity Propagation -0.593570

Hierarchical Clustering 0.128473 n_clusters = 18, linkage = ”average”

Spectral Clustering -0.431040 n_clusters = 8, gamma = 1E-06

PAM 0.177675 k = 9

PAM-GA 0.216090 k = 9

Stem DBSCAN 0.161855 min_samples = 12, eps = 0.2

Affinity Propagation -0.698527

Hierarchical Clustering 0.167391 n_clusters = 9, linkage = ”average”

Spectral Clustering -0.525442 n_clusters = 8, gamma = 1E-03

PAM 0.239311 k = 9

PAM-GA 0.280704 k = 9

Radiation DBSCAN 0.023345 min_samples = 4, eps = 0.3

Affinity Propagation -0.564850

Hierarchical Clustering 0.080373 n_clusters = 8, linkage = ”average”

Spectral Clustering -0.372413 n_clusters = 8, gamma = 1E-06

PAM 0.092876 k = 9

PAM-GA 0.142994 k = 9
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Results of functional similarity optimization of gene 
modules
Taking the initial gene modules (obtained by PAM-GA) 
as input, the functional similarity within gene modules 
was optimized by FSO-GA (GMIGAGO). Compared 
with WGCNA, GCNA-Kpca, k-module, oCEM, and 
NEO-PAM, the functional similarity in the six datasets is 
shown in Fig. 3.

The functional similarity of the results obtained by 
our GMIGAGO is significantly better than that of 
the comparison algorithms in all datasets: 0.495307 
(BRCA), 0.303148 (THCA), 0.416422 (HNSC), 0.573636 
(COVID-19), 0.414609 (Stem), 0.368670 (Radiation). The 
modules obtained by GMIGAGO of the six datasets (i.e. 
matrix A , elements defined by Formula 10) are shown in 
Supplementary Table S2.

After many experiments, the values of the parameter 
over are: 1 (BRCA), 1 (THCA), 1 (HNSC), 0.3 (COVID-
19), 0.3 (Stem), 1 (Radiation); the values of the parameter 
α are: 1800 (BRCA), 1800 (THCA), 1800 (HNSC), 1000 
(COVID-19), 1800 (Stem), 1000 (Radiation).

Application analysis
Gene modules of BRCA​
Taking BRCA as an example, we tried to analyze its 
molecular mechanism from functional gene modules 
to show the downstream application of GMIGAGO. As 
mentioned above, 11 gene modules were identified in 
BRCA by GMIGAGO, and the results were shown in 
Supplementary Table S2. Because there were too many 
modules, we selected four of them for detailed analysis. 
The BPs of these modules are shown in Fig.  4 (Other 
modules are mainly related to mitosis and cell cycle). 

Module A is involved in BPs related to development, 
module B is involved in BPs related to biosynthesis, 
module C is involved in BPs related to the regulation of 
nucleic acid metabolism, and module D is involved in 
BPs related to immunity. Due to overlapping clusters, 
the modules have both the same genes and their own 
specific genes, which reflects the complexity of gene 
functions (Fig. 5).

As we all know, cancer cells are characterized by self-
sufficiency in the absence of growth signals, their ability 
to evade apoptosis, resistance to anti-growth signals, 
sustained angiogenesis, uncontrolled proliferation, and 
invasion and metastasis [30]. On the other hand, meta-
bolic reprogramming, including enhanced biosynthesis 
of macromolecules, altered energy metabolism, and 
maintenance of redox homeostasis, is considered a hall-
mark of cancer, sustaining cancer cell growth [31]. Will-
mann et al. believed that the altered RNA metabolism 
of cancer cells resulted in elevated excretion levels of 
modified nucleosides in different biological fluids, and 
modified nucleosides had great potential as biomark-
ers of breast cancer [32]. In addition, the polyamine 
biosynthetic pathway and the hexosamine biosynthetic 
pathway play a key role in the growth of breast cancer 
cells and are closely related to the prognosis of breast 
cancer [33, 34]. Finally, human immunity, especially cel-
lular immunity, is closely related to the occurrence and 
development of tumors. And the presence of tumor-
specific immune responses in breast cancer has been 
suppressed, even in the early stages of cancer develop-
ment [35]. To sum up, these gene modules identified by 
GMIGAGO play important roles in the occurrence and 
development of breast cancer.

Fig. 3  The comparative results of different module identification algorithms (WGCNA, GCNA-Kpca, k-module, oCEM, and NEO-PAM) on BRCA, 
THCA, HNSC, COVID-19, Stem, and Radiation datasets
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Fig. 5  Venn diagrams of genes in module A ~ module D in BRCA​
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Analysis of immunity module in BRCA​
Cancer is closely related to immune processes, and 
immunity is suppressed in BRCA [35]. Therefore, we 
focused on immunity module D, and analyzed its asso-
ciation with two clinical indicators (cancer progression 
stage, immune response after treatment) using T-test 
and Anova (Fig.  6). The immunity module is signifi-
cantly down-regulated from Stage I to Stage IV of BRCA 
( P − value = 2.2E− 09 ), especially the lowest expres-
sion level in Stage IV, which supports the views of ref-
erence [35] (Fig.  6A). Moreover, module D in patients 
with immune response (after treatment) is more up-
regulated than that in patients without immune response 
( P − value = 0.0025 , Fig.  6B), suggesting that this mod-
ule can be used as potential biomarkers for immune 
response after treatment in BRCA.

Next, based on these gene modules, we identified hub 
genes in BRCA that were involved in specific biological 
processes (the immune process was taken as an example 
in this work). The PPI network formed by the immunity 
module is shown in Fig.  7A, which includes 467 genes. 
We defined the 11 genes with the largest degrees as hub 
genes (the degrees of the 9th, 10th, and 11th genes were 
equal), and these genes were arranged in descending 
order of degrees as follows: CD86, FCGR3A, FOXP3, 
ITGAX, CXCL10, MMP9, CCR5, SELL, FCGR1A, TLR3, 
IL18. Notably, by querying the DisGeNET database 
(https://​www.​disge​net.​org/) (the results were in Sup-
plementary Table S3), these genes were associated with 
malignant tumors (especially breast cancer).

The percentage of CD86 ( +) B cells showed a positive 
relationship with higher tumor grade and higher num-
bers of involved lymph nodes in 44 breast cancer patients 

[36]. FCGR3A encodes a receptor for the Fc portion of 
immunoglobulin G, which plays a significant role in 
the immune response [37]. And FCGR3A has potential 
clinical relevance in the treatment of breast cancer [38]. 
FoxP3 + regulatory T cells (Tregs) can suppress antitu-
mor immunity, and the ratio of CD8 + to FoxP3 + cells 
may be predictive for the clinical outcome of medullary 
breast cancer [39]. CD11c (ITGAX)-targeted protein vac-
cines for in vivo delivery of tumor antigens to DCs induce 
potent immune responses and antitumoral activities [40]. 
CXCL10 acts on CD4 + and CD8 + T cells to enhance 
antitumor immunity, and the serum level of CXCL10 in 
breast cancer patients is positively correlated with tumor 
size and ER status [41,  42]. MMP9 is associated with 
inflammation and inhibits platelet aggregation [43]. The 
early metastatic circuit can be disrupted by inhibiting 
active MMP9, and warrant further studies of MMP9-
targeted anti-metastatic breast cancer therapy [44]. The 
32  bp deletion in CCR5 may be associated with breast 
cancer, and the malformed CCR5 receptor may not be 
able to express and function normally, thereby reducing 
immunity to cancer and leading to cancer progression 
[45]. Gene Set Enrichment Analysis (GSEA) revealed the 
association of SELL expression with several immuno-
logical features in breast cancer [46]. FCGR1A is associ-
ated with immune infiltration levels in various cancers 
[47], and it’s correlated with recurrence-free survival in 
patients with triple-negative breast cancer (TNBC) [48]. 
TLR3 is very important in immune escape in breast can-
cer [49]. Interleukin-18 (IL-18) is a key cytokine respon-
sible for immune response and involves in the process of 
cancer development. The IL18-607 and IL18-137 poly-
morphism contribute to increase the breast cancer risk 
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[50]. In summary, the 11 immunity-related HUB genes in 
BRCA play key roles in the occurrence and development 
of breast cancer and the immune response of tumors, 
further proving that the gene modules identified by GMI-
GAGO have good performance in mining the immuno-
logical regulation mechanism of breast cancer. These 
genes may be potential targets for immunotherapy in 
breast cancer.

Gene modules of other datasets
To further illustrate the role of GMIGAGO in gene mod-
ule identification, we analyzed a key module in THCA, 
HNSC, COVID-19, Stem, and Radiation respectively.

(1) THCA
We identified a development module in THCA, 
which was mainly involved in development-related 
BPs such as anatomical structure morphogenesis, 
system development, and anatomical structure devel-
opment (Fig.  8A). Most cancers result in develop-
mental disorders, which are important hallmarks of 
cancers [30]. The PPI network formed by this mod-
ule is shown in Fig.  7B. We defined the 11 genes 
with the largest degrees as hub genes in this module 

(the degrees of the 10th, and 11th genes were equal), 
which were arranged in descending order of degrees 
as follows: CD8A, CCND1, EZH2, CXCL8, SPP1, 
DLG4, TTK, CXCL12, COL5A1, BUB1, CCL2. By 
querying the DisGeNET database (Supplementary 
Table S3), these genes were all associated with malig-
nant tumors (especially thyroid cancer).

(2) HNSC
A cell cycle module was identified in HNSC, which 
was mainly involved in cell cycle-related BPs such as 
mitotic cell cycle, DNA replication, and nuclear chro-
mosome segregation (Fig.  8B). Cancer is a group of 
diseases in which cells divide continuously and exces-
sively, and cancer-associated mutations that per-
turb cell cycle control allow continuous cell division 
chiefly by compromising the ability of cells to exit 
the cell cycle [51]. The PPI network formed by this 
module is shown in Fig. 7C. We defined the 11 genes 
with the largest degrees as hub genes (the degrees 
of the 10th, and 11th genes were equal), and these 
genes were arranged in descending order of degrees 
as follows: CDK1, PLK1, CCNA2, CCNB1, KIF11, 
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IL12RB1

SEMA7A

GALNT12

ZBTB20

FOXN2

NCF1

NATD1

TFCP2L1

LPHN2

IL18

APBB1IP

C5AR2

TREM1

RRAD

TMEM119

CPED1

DIRAS1

ELF4

TMC8

IER5

PLEKHG1

ADTRP

ALPL

COL5A1

PPP1R1B

MBOAT2

KHDRBS3

CDH13

PRDM1

NR4A2

ELOVL2

SAPCD2

MFI2

IL16

PIK3CG

TMEM79

NEURL1

SLIT1

IGSF9

RTN2

PLAG1

TBX18

GUCY2D

SPP1

IGFBP3

NOS3

SMOC2

AMIGO2

DAPK1

ASF1B

ATP10A

BBC3

GAS2L3

TMEM200A

IL33

GIMAP5

GALNT7

ELOVL6

EPHA4

RGS11

FOXD2

MSRB3

ZNF805

CRISPLD2

NFATC1

ADAMTS10

ADRB2

SLC35F3

AMOT

IGF2

ORC6

ATP10D

DDB2

BRCA2

ITIH3

CCM2

LST1

CNFN

CRABP2

MAP1A

PTCHD4

KCP

TMEM154

TMEM117

ROM1

NPC2

ADAMTS2

ENTPD2

SIPA1L2

MCAM

RUNX3

FAM64A

ATP11A

DRAM1

MAD2L2

MYLPF

MMP11

PRRX1

PRR19

EFS

GPM6B

KBTBD8

SPOCK1

SH3BP1

NFE2L3

MAFB

ACTN1

VCAN

LAMB3

DGKH

CDH11

APBA2

NDC80

CDKN2B

BID

C19orf57

HEY2

TGFA

CILP2

SCEL

STRA6

HPCA

ENDOD1

INHBB

KLHL6

STON2

ATP8A2

ITGB4

ADAMTS17

ADORA3

PPAP2C

C1orf216

RTN1

MCM4

DLEC1

BBOX1

BRIP1

RASGRP2

MDK

MFAP4

CYSRT1

TSPAN11

WASF1

MFGE8

KEL

PTPRU

PMEPA1

ABCA8

ICAM5

FBN3

P2RY6

TGFB1

PLEKHG5

CLSTN2

GINS1

LZTS1

SRF

ERBB3

RASGRF1

JAG2

CDH24

CNIH2

CRHR2

GPSM1

MEIS1

SIT1

ZCCHC12

SPHK1

ENC1

TUBA4A

SBSPON

LYVE1

CCL2

ANK1

ELFN1

SAMD1

IQSEC3

TRIM46

LSP1

TENM4

GLI3

TMEM163

OLFM2

DSEL

TANC2

SMAGP

GABRB2

PELI1

NPTXR

KCNJ2

PDLIM3

THSD7A

TREM2

NCF1

KCNQ3

APOC1

RMI2

SLC27A2

TRIM31

RAD9B

OXTR

KRT19

TMPRSS3

GRIK3

MCTP2

DLK2

PLXND1

GALE

ISG20

PAQR4

SCN1B

ITGA2

SEMA5B

ADRA1B

ANPEP

EPB41L3

MSR1

HELLS

AUTS2

TRIM54

FANCA

KCNMB1

SEMA6B

CRACR2B

CNTLN

PTN

NEURL1B

RGMA

KIF26B

ISYNA1

PTP4A3

CACNA1C

LRRK2

ADAMTS6

CPT1B

LPL

TIAM1

PLA2G7

SPC24

SH2D4A

BCAT1

GTF2H4

CACNA2D4

CD109

FJX1

SH3TC2

LMO3

TMEM108

RIN1

MAN1A1

ZBTB32

TOX

ABI3BP

CSRP2

ADAMTS7

PRRT2

SELE

NRCAM

APOD

CENPU

FEZ1

SDS

PLK2

SYTL2

RHOV

CDR2L

LEPREL1

CST6

MEIS2

PLXNC1

GCNT4

TRERF1

SOX15

COL8A1

COL17A1

ADAMTS12

CXCL12

PTGDS

ANKRD35

TP63

TTK

RUNX1

IKZF1

FAM111B

KCNH3

TGFBR1

RAB15

COL9A2

GFPT2

PDE5A

MST1R

GCSAM

KCNK6

POU2F2

ECM2

PDLIM7

ADAMTS9

AGT

LPAR1

FMO5

AQP3

TYMS

SLC9A9

LRMP

PLK3

KCNAB3

LAG3

CRACR2A

LEPREL2

CTHRC1

PGM5

SHC4

PPM1N

KCNS3

PSORS1C1

MAMDC2

AHNAK2

MMP16

TGM2

DNM1

GAL3ST4

FUT2

DTL

LIMK1

PC

CENPK

HOXB6

ZAP70

HOXA3

P4HA3

NAPSA

INF2

ETNK2

GPR37L1

TUBB2A

RNF24

ABTB2

SORBS1

FBLN2

ADRA2A

TMPRSS4

RTN4R

ARHGAP19

MCM10

NAT8L

MTHFD1L

C16orf54

TMEM132A

TNFRSF4

CHGB

DSC2

SCUBE2

DOCK9

GOLT1A

OAZ3

LRRN3

RAB37

ATP8B4

TNNC2

CNIH3

SCN8A

AK1

CD79A

SRGAP2

PBK

VENTX

IL4I1

SEZ6L2

CARD9

CD300LF

STX1B

FAM20A

PIK3R6

DRAXIN

NKX3-1

SUCNR1

PASK

RAPGEFL1

SPTBN2

SDC4

TNXBSFTPB

ALDOC

CD38

SAMD4A

WDHD1

WNT3

BCL11B

C17orf96

PYCARD

PVRL1

SCG5

LAD1

IRAK2

ROBO3

EVA1A

ZFHX4

LY6E

REEP2

ACAP1

ITGA8

ZNF469
RGS2

PDE3B

TNFRSF8

VWA1

NUSAP1

WNT9A

IL7R

C19orf26

CLEC7A

KLRD1

SYT12

COL28A1

IL24

TRAM2

MPZL2

RAB23

LYPD5

TMC6

LRRC25

MYH3

COL13A1

EGLN3

PDE4C

FCGR2A

RASGEF1B

KIF4A

NKD2

JAK3

CACNB1

KIAA1328

SIGLEC9

CHST11

MICAL2

SLPI

DTX4

F10

XKRX

PATL2

RTTN

NOD1

TGFB1I1

FBLN5

GABBR2

LGR6

GGCT

ARNTL

TPX2

NRARP

ITK

C19orf33

CCDC117

CD48

HS3ST3B1

PXDN

CYP2S1

DUSP4

PROS1

HSPB6

MACROD2

RNF144A

NYAP1

MYH11

COL5A3

WNT5A

ME3

ITGAL

NR1D1

BUB1

WNT7B

CD3E

SAMD14

RHOH

CD96

CSPG5

NID1

SOWAHB

PTPRE

FAHD2B

GSDMB

MAPK8IP2

ZKSCAN7

ACHE

ACTRT3

ARHGAP20

CXCL8

AK5

CD8A

ARNTL2

TOP2A

B3GNT7

CD3G

TMEM71

CCDC148

GZMM

COL8A2

EDIL3

PRR15

ECT2L

FAIM3

SCNN1B

TSHZ2

SACS

HPGDS

MYO1G

MMP24

F2R

AKR1C3

ANTXR1

CCRN4L

BUB1B

CHST6

ETV1

PALM3

CCNI2

KLRG1

TGFBI

MRC2

UNC5B

MCF2L2

SUSD4

REEP1

MEIS3

WNK3

GFAP

ADAM12

HHIPL1

MXRA8

NEGR1

MAST3

EZH2
CDC45

PRELP

TLE4

C1QTNF2

CCDC184

FYB

TACSTD2

DDR2
DCHS2

RLTPR

PKDCC

TAF1A

TYRO3

SHROOM4

DLG4

FST

SLC52A3

SPTB

TMEM45A

DUSP5

NRIP1

ATF3

MUC1

SOX5

TMEM217

SLC2A13

CDH6

CITED1

NELL2 HIVEP3

KIF19

FAM212A

HES4

MGAT3

TNFRSF10C

GHRL

PRKAR2B

TNFRSF21

AXIN2

HK3

CSPG4

ARTN

CCND1

FMOD

CTSH

C4orf48

GATSL2

EFNB3

TFAP2E

LOXL2

LRRC10B

NHSL1

FAT2

MSC

MICAL3

VASH1

ACOT7

CATSPER1

IGF2BP2

C1orf226

ALOX5

AOAH

GRB7

FOSB

B3GNT8

CTSV

C1QTNF6

SIGLEC1

FHOD1

CLDN1

TMEM158

MFAP2

SLC43A3

FBXO2

SYNDIG1L

PHLDB2

ABCA10

GPR153

RYR1

CDH23

TFPI

CYSLTR2

FGL2

ASCL2

EGR3

HIC2

BNIPL

DCN

IRF5

POU2AF1

CLDN11

MYCL

KLHL17

EFNA3

GGN

PIP5KL1

PCED1B

ABCC9

ACP5

DMD

ADAP2

AGBL2

C1QTNF7

NFAM1

DCLK1

PMAIP1

B4GALT6

LINGO4

C2

PLAUR

LAMP3

CLDN9

MATN3

DCUN1D3

EPHA3

LILRA2

HYDIN

MREG

SLC34A2

CTSS

TUSC3

IGSF6

C1R

PLB1

APBA1

PHLDA2

FAM126A

BAALC

BORA

C7

CD276

PDPN

TGFBR3

CORO2A

RGS4

WTIP

HPCAL4

LDLRAD3

SPINT1

ABCA4

RUNX2

RECK

ADORA1

AGPAT4

DLX5

CNTNAP1

EPHB3

NR4A3

BAG2

CAMK2N1

CD6

PNPLA7

TTF2

VAV2

ZNF597

CASP8

CPNE8

ANKRD2

GINS3

CKS1B

FOXM1

IL1R2

PRR11

TMEM67

DNAJC9

HLTF

COL8A1

HAP1

PUS7

BTN3A3

TOR2A

TRIM9

TNFRSF9

PLXND1

KIF13B

DENND3

COLGALT1

ZFYVE28

DOK1

PCNXL2

AATK

FBXO45

LIPG

TMPPE

CCL3

ITGB1BP2

CFL2

KCNMB4

LCK

RMND5B

ADCY3

VAMP1

METTL4

SFR1

PMEL

ALG1L

MASTL

CDC7

TRPC6

ZWILCH

DCBLD2

SGOL1

ARL9

UHRF1

RAD51D

DPY19L1

HTR7

DDX60

BTN3A2

C9orf172

CAPRIN2

PYGM

SIGLEC10

RHOH

RAB17

LAMC1

ZGRF1

DOK3

PTGDS

CDK5R1

SLC39A4

SCARB1

TRABD2A

CXCL10

SPATS2

CHAF1A

KCNIP2

PTGFRN

SLC20A1

GNB4

PREX2

AFAP1L2

RAB20

MX1

DQX1

GPR39

MCM10

ITPR3

DEPDC1

ANXA9

SPC25

CEP135

TK1

RMI1

B4GALNT1

NR4A2

SLX4IP

DDIAS

CCSAP

OPN3

MTBP

CD84

SPICE1

EXPH5

FAM91A1

SLC25A36

DOPEY2

FOXD1

ABCA5

GTDC1

IL1B

SH2D2A

CLDN4

HEYL

YEATS2

UBASH3B

MMP14

LYRM4

RIC8B

PCBP3

BCAS1

TBC1D10C

TLR5

ALMS1

ANKRD32

CDC45

SEPT3

CDKN3

CACNB1

KIAA1524

GLIS2

FEN1

XRCC3

GALNT18

LINGO1

BORCS8-MEF2B

SPAG16

C9orf43

CARD10

LIN52

KCNMB1

LRRCC1

RAB29

NID1

RNF213

SELENBP1

TENM3

TTYH2

SENP5

LCAT

SPTB

ACOT7

HIGD1B

EZH2

TMEM229B

PLEKHA7

TMEM170B

POC5

TMEM38A

AGAP6

TTC9

GBP5

TMEM138

CDC6

ANKRD6

CCNE2

HJURP

HYKK

TMEM194A

ARMC9

POLA2

GEN1

CHST7

RGS3

TNFAIP3

CENPQ

ENTPD7

MIS18A

WRAP53

SAMSN1

PDE4DIP

RAB32

EMCN
DEGS2

U2SURP

SH2B3

FZD6

FEZ1

APOC1

LAT2

WRAP73

JADE1

ARID3B

PRR3

JAG2

TBC1D2B

NME7

NPL

NAV3

RHEBL1

MB21D1

SHROOM3

MCM5

CELSR3

CASC5

PLK4

TYW5

C17orf53

RBM28

MMS22L

ATF7-NPFF

CHSY3

RGS4

CEP72

FAM111B

CA9

SARNP

ERF

PEAR1

CNTRL

CHRNA5

ITGA11 SGPP1

DSG2

PHYHD1

ABCB1

MAPK8IP3

SOAT1

ROR1

CENPA

HLA-DOB

DPF1

KIAA0907

TSPAN15

MFSD12

AKT3

RENBP

AGO2

TMEM71

TNS1

CNTLN

POLE2

TFAP4

LMNB2

SHCBP1

SUOX

DSCC1

MOK

ASNS

FAM26F

CHST11

BICC1

SDPR

LIN9

EGLN3

GZMB

FOXK1

HDAC10

ZBTB37

FILIP1

LAMA1

ZNF224

DTX3

SLC52A1

CLDN11

SNX10

ABHD3

ROR2

ECHDC2

TAP2

ASPM

KIAA1211L

ADAM12

TRANK1

NME1-NME2

VWA2

DDX55

SMKR1

CCNE1

CEP290

GINS2

ITGA1

SGOL2

BIRC5

TMEM189

E2F7

RBM41

COTL1

ATF7IP2

CHST14

PABPC1L

CBX2

CENPO

KRT7

RIPK2

DNAJC2

NUDT1

CMC2

XYLT1

TCOF1

DERL3

DUS4L

SLC52A2

EPOR

PDGFD

THOC1

GAREML

TNFAIP8

NUDT12

SYTL4

TCP11L1

MSTO1

STARD9

ARL13B

NR4A3

TDRD6

ZG16B

MAP3K8

SLC38A7

MCM4

SPOCK1

MYH11

NEK2

APC2

ZNF367

FAM92A1

GLS

GTF2E1

NIPA1

USP13

RARB

BZRAP1

SPP1

TNFRSF10B

MPHOSPH9

PTPRZ1

FAM161A

LNX1

PDGFA DGKE

GPR180

NAPB

CYP3A5

FHOD3

SLC44A5

IFI27L1

ACRBP

HOXD9

RFC4

KIAA1324L

ITGA9

MLLT11

GNGT2

NREP

DNMT1

TMEM194B

CCNA2

SEMA6C

GINS1

KIF22

GTSE1

TTK

DNHD1

CCDC150

ARNTL

FGD6

ATP13A3

ST8SIA1

IFI30

RFWD3

PPFIA1

PDK1

COL4A5

CCT6B

PTPRG

WDR53

NFIA

KDELC1
PLCD4

EBI3

MEIS1

POU5F1

SUPT3H

CEP19

GCSAM

IZUMO4

SYCE2

CIT

MANSC1

PRKAR2B

RHBDL1

PDE10A

NRSN2

TNFRSF10D

UBL3

MAGI3

SEMA4F

RECQL

AURKA

RAI14

CDC20

CDH6

KIF18B

PDK4

PPAT

ATP6V1C1

BATF2

CENPP

PCGF6

RIMS2

FOXRED2

HIP1

TNFSF9

PIM2

PLEKHA6

KLHL42

CPAMD8

PLCE1

IL27RA

SOX17

KIT

TESC

ABL2

HOXD8

TSGA10

ICA1

CDK1

RASAL3

FBN1

TJAP1

GNG7

NRIP3

WHSC1

SKIL

CD86

NTN4

FAM188B

MYBL2

STMN1

PLK1

CDH26

ARHGAP28

HLF

ASRGL1

ATP6V1C2

GBP1

TMC8

PSMC3IP

ECHDC3

SLC16A3

PRF1

LILRB4

GNB1L

TMTC3

DSE

DGKI

STRIP2

MTERF1

NAPEPLD

ALDH1A1

MOB3B

PDGFRB

GFPT2

FBXO39

ST6GALNAC2

APOBEC3G

KIAA1614

TRPV2

PHTF1

ADCY7

ZDHHC2

LILRB2

SLC16A7

CTLA4

PLA2G16

BOLA2-SMG1P6

OIP5

CDCA3

NUSAP1

DNM1

SLC38A6

TCF3

MYH7B

FLCN

TIGD5

POU2F1

IFI35

SLC2A6

STX1B

LMO2

S1PR5

CHML

GPATCH2

CHST3

CPED1

SOWAHD

PPP1R3C

SLC16A9

SLC19A1

FLVCR1

SLIT3

HAS3

ACTRT3

SLC15A3

FMN1

TPBGL

RYR1

ZNF391

GNAI1

NXPH4

GEMIN2

TRIM46

MTCP1

ALPK3

ATAD5

RAD51AP1

IQGAP3

CCNB2

APOBEC3B

ARHGAP33

RORC

CENPH

ATP6V1E2

PLLP

DIABLO

FAM111A

CACNA1A

LAMB1

EED

LILRB1

FABP3

PLEKHG6

PLOD3

OTUD7A

NRM

USP6NL

FAM101B

TYMS

SLC39A14

SORBS2

MYO19

ACSM3

TDRP

ZNF43

SLC7A6OS

ADAM8

PTCD1

GNAO1

RASEF

SUV39H1

SLC7A8

NKX3-1

PLOD1

ORC1

FBXO5

SKA1

CDCA8

BST2

IGFLR1

SOX12

C1orf112

MSRA

PITPNM2

FANCE

HSF2BP

STXBP1

TMEM136

PHF19

ELF4

KIAA1804

MICAL2

PLOD2

SAAL1

STX2

EDARADD

RCCD1

RUNDC3B

RHOF

PLXNA1

UAP1L1

WNK4

TRAF3IP3

ACVR1

LRMP

S1PR4

ZNF200

GNAL

TEP1

HIST1H2BK

SLC7A6

IKBKG

ATP8B2

POLD1

GMNN

CENPN

MELK

TUB

NEK6

PER3

TBC1D31

BOP1

SLC12A5

HELB

RGS19

C15orf59

STAC3

CCBE1

GNLY

LEPREL1

PKDCC

EPPK1

PANK1

DLEU1

SSBP2

FAM107A

FN1

RND1

SLIT2

SPATA18

MYO1G

TNFRSF11A

ACVR1C

PHLDB2

TCFL5

OSR2

SNX20

USP54

HIST1H2BJ

ZNF649

TBC1D7

AMIGO1

FANCD2

NCAPH

FRRS1

KIF2C

PSRC1

ARHGEF39

ARSG

SASS6

FAM169A

BCAS4

PARP2

BRF1

GHR

SYT11

CCDC102B

CD7

WARS

FYCO1

PDZD2

UCP3

EYA2

EDNRB

SUSD4

CES1

RHOBTB1

ABLIM2

PLEKHG2

FADS2

INPP4A

FST

TANC2

ADAMTS12

ZNF331

PLEKHA8

PASK

ZNFX1

ZNF493

PIK3CD

AMOT

CLSPN

NCAPG

KIFC1

HMMR

ARAP3

G2E3

SLC16A6

POC1A

MEX3D

HPS3

BRIP1

TBPL1

C16orf59

PLEKHG4

CROCC

CLEC2D

CDHR2

STXBP6

CLCN4

IL18R1

WNT10B

SETMAR

IER5L

SLC28A3

MTMR10

PTK2

ITPR2

OSBPL3

PQLC2

GDF11

KLHL5

VCAN

PLAGL1

ADHFE1

SLC13A3

EIF4E3

TENC1

DENND1A

UNC119

TOP2A

KIF23

CKAP2

PBK

ZBTB32

GAS2L3

ARSK

DONSON

FAM214A

ZC3H12D

PALB2

TCEA3

HYLS1

CACNA2D2

CEP250

TNFSF4

NINJ2

STAMBPL1

KCNAB2

LILRA5

PAX9

EGFLAM

SLMO1

DMTF1

PRELP

FYN

SRGAP1

PIPOX

ZNF623

SMURF2

PAQR6

ADAMTSL3

PLXNB3

LIPE

PCDH1

POP1

TC2N

NR4A1

MPP7

BLM

KIF11

ERCC6L

PRC1

RAP1B

BORA

SIAE

SRGAP2C

AUNIP

TSHZ2

PMS2

GTF2H4

C16orf74

TPCN1

CCDC109B

ZIK1

GPER1

CEP95

TJP3

RLTPR

HEATR6

TMEM143

FAM198B

IL6

WNT2B

TPPP

NTM

HAAO

IPO9

HIST1H3J

LIME1

B3GALTL

MFHAS1

MYB

S100PBP

KPNA2

ZNF704

PIK3CA

MAGI1

DNA2

SPECC1

CKS2

KIF4A

ARG2

MORC2

LRIG2

BRCA2

VRK1

BCKDHB

SLX4

NDOR1

C9orf40

KCNAB3

CCDC138

CD101

SMYD3

LRRC8D

TTYH3

SCG2

ISY1

THEMIS2

LRRC69

SLC2A1

GPC6

SDK1

THRB

FLYWCH1

IQCD

TFR2

MARCKSL1

ADAMTSL2

PDLIM3

CEP57L1

PFKFB4

AGO3

TENM4

PHLPP2

C1orf216

SMC2

NDC80

FANCI

CENPF

HAVCR2

KLF12

GALNT12

HAUS6

LRR1

STARD4

XRCC4

USP18

C18orf54

ORAI2

FGFR1OP

CD163L1

MAPK15

CFAP69

CLIC6

NFKBIE

TAF2

PRR7

KIAA1467

BRCA1

TGFB1I1

AP3M2

GOLIM4

ACTL6A

IQCH

FKBP1C

SLC7A7

LTBP2

PCED1B

EPHX2

UNC5CL

E2F3

TMEM106A

CYP26B1

TEAD2

EXO1

MYO5C

KNTC1

CEP55

PDCD1LG2

PARD3B

ASF1B

MYH14

CTSV

TBCCD1

XRCC2

CCR7

C17orf67

CADM1

SDCCAG3

PSMB9

CDKL1

SPATA6

ELF3

SAMD9L

EXOG

LOXL3

FAM65C

SLC16A1

MATN3

ACAT1

GORAB

NUP107

MTL5

SMAD6

STAR

ZNF696

MINPP1

ADORA1

ZNF322

AGPAT9

ZNF880

ALOX12

TNK2

TIMELESS

KIF18A

KIAA0101

BUB1 ITGAX

TMEM231

CENPM

KIF24

DSN1

CMSS1

FANCB

SLAMF6

CENPL

MAL

RPL39L

CD300LF

DLX5

TBC1D32

TTYH1

PARP14

POLG2

TNXB

POGLUT1

VEGFA

MFSD4

ETFDH

GPR176

PFN2

TPCN2

SMAD9

ZNF570

ZNF608

PCED1A

P2RX4

YDJC

TNFAIP6

TMEM121

MET

FAT1

RFC3

NEIL3

ARHGAP11A

KIF20A

CD274

INVS

ORC6

NDE1

SKP2

PPM1K

C19orf40

IFI44L

MGME1

IL24

NAAA

TFEC

PCDH7

CFD

TMEM206

HVCN1

P4HTM

ELOVL6

SUSD1

ABCC10

LMLN

MPC1

TMEM74B

HIST1H4F

SATB1

ADAM10

ZFP37

QSOX2

MT1G

LAMB3

POU6F1

LCLAT1

TNIP3

GPT2

MAML3

FANCM

SEPT11

CDCA5

RACGAP1

IDO1

CEP164

RNASEH2A

CCNF

FAM72A

RTN4R

POT1

HLA-G

C19orf66

ST20

CXCL13

NFAM1

CELF2

PLS1

SSTR2

GPX7

TESPA1

FADS1

FAM69A

ABCG1

FN3K

PCCA

PTPRN2

SNRPA1

USB1

APLP1

LYL1

ADARB1

MT1M

PANX2

ZNF850

SCD5

ZFP3

STRA6

WWC1

RAD54L

DEPDC1B

CDCA2

ANO7

ITGAM

IFT122

EPHX3

CEP152

UBE2S

PLCG1

FANCG

IRF4

SLC11A1

PDZD7

IL21R

LAIR1

PTGIR

MICAL3

SIM2

GPX3

XRRA1

EMC1

FAM76B

MANEAL

FNDC1

ACKR1

GSAP

CCNB1

RAB43

TSPAN12

TMC7

TRIP13

SFXN5

BDNF

STBD1

KDELR3

ZNF106

AOX1

ANGPT2

RAD9A

CENPE

CKAP2L

DTYMK

MRC1

TEX9

PKMYT1

CENPJ

CDC25B

GRIN2D

BOC

XAF1

FCN3

MPP3

OSM

CD302

KBTBD11

CHKB

CNIH2

GPX8

SLC25A17

TAS1R3

SP140L

ABCC4

SFRP4

HS3ST1

INTS8

ARID3A

NPNT

MAD2L2

NFIB

EIF2AK2

MTHFS

ADTRP

PPP1R3G

AIM2

WDR54

HSD17B6

SELP

MCM7

ESCO2

CDC25C

SNED1

NAGS

CEP97

LIG1

MAD1L1

IQCG

SEMA3A

PTCH2

STAT2

FCGR2A

CAPN12

GZMA

NCF1

KHDRBS3

POMK

CNNM2

DUOX2

EPHB1

SYNPO2

OGFRL1

DZIP1

FOXL1

ACKR3

QPRT

KAT2B

VILL

MICB

PPP1R14C

PADI2

ZNF318

SP100

PRDM15

MEFV

ZBTB25

ALG10B

IGF1R

GINS4

TACC3

CENPK

TMEM44

AZIN2

CEP170

PRIM1

MSH6

MXD3

S100B

NVL

OASL

TNFSF13B

MTFR1

SOCS1

TMEM119

HIST1H2AI

TTPAL

STARD13

DARS2

TBXA2R

ENPEP

ZNF345

SLC2A9

RASD2

CCL19

ZP3

ANLN

TSSK6

JAG1

LRCH3

HELZ2

WDR91

AFAP1L1

ZNF488

TLR2

ZC3HAV1L

UGGT2

FGFR4

DBF4

CLIC4

DTL

ANTXR2

CCDC77

ODF2

TSPYL5

TOPBP1

SCN8A

ETV5

FBXL6

IFIT1

C7orf49

CAPN5

CYBB

ELN

KIF26A

CPT1C

CNTN1

TRMU

MEST

EPB41L4A

FOXN2

TMEM17

LPAR3

MTG1

SERTAD4

CDK2

LHFPL2

LRP8

LRIF1

REC8

TBX18

PCYOX1L

SPATC1L

NLRC5

ZNF91

NEK5

ITGA5

POLE

CENPI

PTTG1

EDIL3

KNSTRN

PAX6

PRIM2

FRZB

GGN

TUBB3

IMPDH1

BTN3A1

C9orf117

FEM1A

TNFRSF4

CD72

KIF9

ZDHHC8

COL27A1

FAAH2

HNMT

NUDCD1

AARSD1

FBXL18

CD68

MARC2

C5AR1

HDGFRP3

MAD2L1

KCNJ8

L1CAM

PIH1D2

ADCK3

TMEM2

F8

KIF23

ASPH

DDIAS

HLA-DMA

CORO2B

LHFPL2

INMT

NDC80

JSRP1

C17orf96

HLA-DRB5

OSM

RNASE2

IL4I1

GINS1

OCM

C1QB

CD36

SLC4A11

VNN2

KCNA2

TICRR

FAM64A

CD74

SCARF1

CTCFL

KCNS1

APOA2

SPC25

PKMYT1

SERPING1

GP1BA

DDX60

KCNK10

ABHD12B

CLEC3B

SMC2

MCM6

C3AR1

SEC24A

SAMD9L

KCNH7

LIPM

LIPC

BUB1B

MCM2

MS4A4A

S100A9

PLSCR1

MPPED2

OLAH

CLU

CCNB2

CABP5

RNASE1

IGHV3-15

IFI44

TEX14

AP3B2

ASGR2

KIAA1524

CHAF1B

C1orf226

KLHL14

DHDH

SLC26A8

ADAMTS2

APOBEC3B

KIAA0101

CENPI

NOS1AP

SAPCD2

ILDR2

KREMEN1

COL4A1

AR

BUB1
MTFR2

CR1

PLA2G2D

SPATS2

LIMS1

COL6A1

MAPK14

ESCO2

ORC1

CACNA1A

WNT10A

PTGIR

PPAP2B

VEGFC

CCNA2

CLSPN

UHRF1

SCN2B

CEND1

MMP1

MTHFD2

AIM2

LGALS4

GSG2

AXL

LRRK2

HIST1H2BF

EXOC6

MYO1D

STAT1

EZH2

CDCA2

CDCP1

SEZ6

FBXO6

RAB25

MACC1

TLR5

ETV4

CASC5

BCL6

KCNN3

TLK1

WDR76

SLC5A2

ALDH1A2

HIST2H2BE

CENPA

XBP1

SYN2

CHRFAM7A

TPST1

METTL7B

PHGDH

SRC

FOXM1

CD79A

CCDC71L

CHRNA5

FAM8A1

PSMA8

ALDH7A1

CD274

NET1

IGJ

SCD

CHRM4

INSC

PADI6

DHRS9

GPER1

WDHD1

PAX5

PYGL

CHST8

PTCHD2

TSPAN15

GUCY2D

HIST1H2BJ

ZWINT

CD79B

LBR

CILP2

PTGR1

ZFP28

PRKAR2B

GNAZ

CHEK1

POU2AF1

CCNI2

YJEFN3

GCLM

PTGFRN

MKI67

BRCA1

HELLS

CD72

GADD45G

CKAP4

SLC7A11

TMEM198

MAOB

ARG2

EXO1

CD19

CD177

CLCN4

MAFG

SLCO4A1

NME1-NME2

EPAS1

KIF2C

DMC1

PROCR

CLIC4

PLA2G4B

RPH3A

AOC1

CSF1

KIF20A

HIST1H2AE

VPREB3

CLDN11

GRN

SDF2L1

ALG10

ITGAM

TOP2A

TERT

ITGA2B

OMG

GYG1

SLC1A4

KCNE1

ARHGAP11A

ASPM

PIF1

TNFRSF13C

CLEC12B

KCNG1

SLC22A14

ALPL

TRIP13

ARHGAP23

SFN

CLEC12A

ITIH1

HMGB3

SLCO5A1

CDC20

FBXO5

LDB2

HIST1H4J

FCRLA

TFF3

ICAM2

SLC22A4

ANKRD34B

DLGAP5

RAPGEF5

HIST1H4K

HLA-DQB1

LEPREL1

IFNL1

VNN1

FAM151B

TROAP

FGD4

HIST1H4D

HLA-DQA1

ITGA7

TXNDC11

PGM2

IL27RA

FAM126A

IFIT2

MTERF3

SNRPB2

TMEM256

YARS

HHIPL2

UTP6

METTL5

DDX27

SLC2A6

ACOT7

NME1

PSMB5

TSTA3

PECR

RNASEH2B

DDX23

ORC5

GGCT

KIF4B

RNASEH1

SHCBP1

STX16

NIPA2

TIMM22

PCNT

QSOX2

RB1CC1

TES

TTC1

KPNB1

PGAP2

ECD

MAP3K4

DTX2

EIF1AD

G6PC3

UBA6

NARS

SLC37A1

AASS

SAFB2

DDX18

UNC93B1

DCAF13

SLC16A5

WRAP73

ENPP1

KATNA1

NUP37

MTFP1

TDG

RBM14

PLK1

ITGA5

FCHO1

SF3B6

ESCO2

ARNTL

SRPRB

NDUFC1

CSE1L

BABAM1

DENR

CENPQ

RTN4IP1

DUOX1

EI24

NAA30

SP5

PTPRB

URM1

KLHL7

PPCDC

MTMR2

GAL

MRPL4

IGF2BP3

PNO1

TTC29

RPF2

SLC30A1

HSD17B12

BRD7

PSMA7

MTHFD1L

MGMT

U2AF2

PABPC1

BUB1

CHAC2

ATP1A3

CWF19L2

MIS18BP1

CCRN4L

ASUN

LAMTOR1

HNRNPD

USHBP1

TMEM11

SMC6

C3orf67

PDLIM1

CCIN

CD72

CHCHD1

GLDN

FBXO45

SLC52A3

MESP1

SHMT2

HTR3A

FASN

HRASLS5

NOB1

STRBP

FTSJ3

SLC35A4

FADD

ADRA2C

PSMB2

AHSA1

PDP2

TET1

NCL

AURKB

ANXA5

CNTN1

DHX16

CLSPN

HDAC3

WIBG

MIOS

SKA1

ERAL1

PIK3R4

CEP57

C7orf25

USO1

GTF3A

SEMA4A

MRPS10

CNTNAP2

TNPO3

KLHL18

MESP2

MRPL13

NACC1

ASL

PLCD1

NHP2

SLMO1

NGDN

SLC7A8

CENPA

PRKCQ

UBQLN1

PPP5C

PPM1E

TRMT61A

SF3B2

GADD45GIP1

TAC1

APCDD1

CCDC94

SKA3

PPP1CA

NABP2

ATP6V1E2

STIL

COPS3

PGAM5

SNRPC

MRPL54

GPX3

PTCH2

SLC29A2

MRPL51

PTPRZ1

HES6

PROM2

EPB41L4B

MTO1

NMB

OAT

SLC16A1

CIRH1A

ZFAND1

DDX10

SUSD3

CYB5R4

YES1

PLAA

SCNN1A

MRPL1

ALS2CL

MAGOHB

SMC4

PREP

AXIN2

TCERG1

DSCC1

SREBF1

RPRD1A

MRPL48

GMNN

UBE2V2

STEAP3

STRAP

GPR137B

EOMES

ORC3

LPAR2

MRPL44

COA1

CTSK

ZPR1

EPHA1

HSP90AB1

SOCS1

DNAJC2

PHF7

TALDO1

NRBP1

ACAT2

ZNF416

MGST1

ADRM1

PSMD14

CCT4

KIAA0196

RAP2A

WDR33

PTTG1

CD1D

APIP

PPIL1

GSG2

YWHAB

INTS2

PFDN4

MCM4

BAG4

BOLA2B

BZW1

C9orf78

TUBB3

PPP2R1B

RASIP1

MRPS18B

TIMM21

TPO

TMEM109

SEMA3G

OXA1L

MOCOS

CCBL1

KCNQ4

RPP30

TLL2

IREB2

ZNF45

ACSL6

PSMA4

PSMC2

RFC4

GCSH

ZNF480

NCBP2

CDK1

CCND1

APLNR

ARAP1

CDCA2

ARPC4

ATHL1

ATP8B3

CENPN

NQO2

LIAS

TMEM43

CABP1

CATSPER3

CCNB1IP1

PDCD10

MRPS18C

SMIM20

GNPTAB

PITHD1

L2HGDH

MRPS22

SLC6A9

ABCC1

IGSF8

POLR3K

NUDT22

GRPEL1

CPT1A

PSMC4

PSMD13

NUDCD1

GAD1

SNX16

EIF5A

BUB3

CTSD

BHLHE40

PCTP

CASC5

PFN1

SYNDIG1L

C19orf25

PPP2R5D

FGF17

MAPKAP1

C14orf1

VSNL1

HVCN1

ZC3HC1

YWHAQ

MRPL35

COL13A1

TXNDC17

NAA15

SNRNP48

EEF2

HSBP1

GAPDH

TRAPPC10

POLR1B

SCPEP1

SQLE

SLC27A4

EIF3D

RPL17

DNAJC7

MRPL21

ALYREF

ZNF326

UBE2C

SNAI1

APOBEC3D

CDC123

SGOL2

WIPF3

IFITM1

AUNIP

PEBP1

C6orf62

NFS1

TMEM147

CALCB

RYR1

FBXO43

CDHR3

MRPL37

CRTAP

CYB5D1

SFXN2

SPRY4

HSP90AA1

GLB1L3

MRPS7

IER2

EMG1

OLFM1

HSPA9

HSPA4

PSMA3

PSMC6

TOMM34

EXO1

SNRPD3

NUP43

CDC26

VDAC1

NDUFV2

IGF2BP2

RRM2

YWHAH

MRPL17

FAM46B

HMGB2

LIN28A

MMS19

SLC35B1

INSL3

NEU3

SLC39A4

CDK5R1

MRPS18A

COL20A1

TMEM102

SEC23IP

EVX1

ALDH18A1

SH2D5

CSNK2A2

IER3

FCF1

OTUD3

MVD

EIF3I

PSMD7

PSMD6

CCT8

GLRX2

PHF5A

DDX21

CDC20

BIRC5

ATP5H

ARAP3

CKS2

ARPC5L

PTMA

RALA

CHMP4C

LIN28B

BOLA3

UBE2D2

CAMKV

TBK1

UBE2L3

CDK2AP2

MRPL2

COL9A2

MKX

HECTD3

F2RL1

MTRF1L

GLIPR1L1

TP53

USP41

NOC3L

SURF2

TCP1

ACSS3

USP5

EIF3F

DNAJA4

HBS1L

VRK1

MATR3

ANKRD27

FOXM1

NDUFB10

YIF1B

FAM72B

NCKAP1

TATDN1

POLE2

BANF1

PPP2R2A

ZFYVE28

FKBP3

TUBB2B

NUS1

GEMIN2

EIF4EBP2

MRPS15

ST8SIA5

EIF2B1

DPPA2

FABP6

NIF3L1

KLRG2

CASP3

SMPDL3B

RUVBL1

PPP1R17

FADS1

ACVR1C

EIF2S1

PSMC3DNAJA1

GLRX3

HNRNPL

CHUK

CCZ1

BNIP3

CDA

ARGLU1

GTSE1

FMN1

GTF3C3

HIRIP3

MAD2L1BP

PA2G4

DMC1

C2orf49

SDF2L1

PPIA

ETV4

NELFB

MRPS16

MATN4

CYP2F1

NR6A1

MFSD2A

HSD17B4

GLTP

TYMS

INPP4A

WBSCR22

PHF21B

HMGCS1

FOXH1

CCT7

ADSLHSPA8

PGM1

C1QBP

MAGOH

CCZ1B

CAV1

APTX

ARHGAP11A

ZWINT

CFL1

DERA

E2F3

HSD11B2

WDR75

C11orf58

TBCA

MFSD3

CBLN1

RAG1

SSU72

RNF20

LECT1

DAGLB

DPPA4

FAM210A

TUFM

MOBP

TOP1

JAKMIP1

TSR1

WDR45B

MCCC2

NODAL

KIAA0368

MTHFD1PPID

AP3B2

CCDC86

SET

ANKRD28

NQO1

CDK7

TRIP13

FAM83D

NOA1

ATP10A

NTS

HAUS6

ZNF771

CRMP1

PFDN6

FABP5

CHGA

FGF19

CDKN2AIPNL

PCSK2

ZDHHC16

TMEM180

DOK3

PMEPA1

MTIF2

IQCB1

SLC22A1

JMJD8

KCTD19

PITPNC1

INSIG1

CER1

PSMD11

DHODHPTGES3

DDX60

NUP107

NCBP1

FAM98A

MMP25

COQ2

RASL12

TCF19

MRPL3

ZNF215

DNMT3B

SERBP1

PARL

PTPN13

EIF3A

RAB1B

ROBO3

COPRS

FBXL18

CHST4

KBTBD8

EIF5A2

GYLTL1B

LPCAT1

EIF3B

HTR7

GSTP1

SSNA1

MRTO4

PPP1R14B

DHCR7

DAND5

PSMB1

NAMPT

AK6

NUDT1

CPSF3

NUPL1

TERF1

TXN

XRCC6

OIP5

HMMR

PLS1

PHLDA2

ORC6

RBM12B

WDR55

DHPS

LSM12

SRFBP1

CBR1

VENTX

MFSD5

TRAF7

MCMBP

EIF5AL1

DPP3

MECR

ETF1

GPRIN1

HRAS

KCNK17

POLR1E

TMEM178B

FDPS

ACYP1

UFD1L

UMPS

USP44

DDX1

NUP210

SSB

WRAP53

PCSK9

DFFA

MND1

KIF20B

NRD1

ATP13A2

DBF4

CENPP

SETD4

MRPS9

FAM98B

CREBZF

RPL36AL

NTAN1

METTL2A

TNFRSF11B

FAM45A

DAZAP1

PRSS12

FBXO24

ANAPC1

MSRB1

PPME1

KCNMB4

SDAD1

UBE2O

DHDDS

NOL8

PSMD3

ATIC

HAT1

PDP1

C14orf166

CNBP

PPP6C

MAP2K1

FXN

DLGAP5

KIFC1

ARRDC2

PNPLA6

LEO1

DKK4

EIF2S2

RPL3L

C1GALT1

SEC23B

CCAR1

TOE1 T

CINP

PRPSAP2

NANS

TIMM23B

PROCA1

CIAPIN1

GRIN3A

ABRACL

SNRNP25

KIAA0020

PRDM15

ECHDC1

PPM1J

PSMB6

GOT2

TXNDC9

RAN

LEF1

SAFB

ANKRD29

CHEK2

XRCC5

KNSTRN

ECT2

PTBP3

PARK7

E2F1

CDX1

NHP2L1

PRMT3

GALNT8

TAP2

SLTM

WDR76

LHX4

GTF3C6

SALL3

NRG3

PGA5

RCCD1

FARSA

SEZ6L

SNRPF

MAP7

BCCIP

PRDM5

SCD

ENTPD5

PSMA5

NPM1

GTF2E2

ZBTB8OS

EIF4A3

BCLAF1

ZSCAN10

CDKN3

RAD51D

ESPL1

CEP55

NANOS1

THAP1

RMI2

EDAR

EXOSC1

DNTTIP1

TACR3

TAP1

STOX2

PDCL3 TRIM36

NAF1

COX16

UBE2F

DTWD2
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TOP2A, BUB1, BRCA1, MAD2L1, AURKA, EXO1. 
By querying the DisGeNET database (Supplementary 
Table S3), these genes were all associated with squa-
mous cell carcinoma (especially HNSC).

(3) COVID-19
An immunity module was identified in COVID-19, 
which was mainly involved in immunity-related BPs 
such as adaptive immune response, immunoglobu-
lin production, and complement activation, classi-
cal pathway (Fig.  8C). Researchers have found that 
the invasion of SARS-CoV-2 causes multiple organ 
dysfunction through immune system disorders and 
cytokine storm syndrome [52]. The PPI network 
formed by this module is shown in Fig.  7D. We 
defined the 11 genes with the largest degrees as hub 
genes (the degrees of the 10th, and 11th genes were 
equal), and these genes were arranged in descending 
order of degrees as follows: CCNA2, BRCA1, CHEK1, 
KIF20A, CDC20, EXO1, CENPA, BUB1, CCNB2, 
TOP2A, MKI67. By querying the DisGeNET data-
base (Supplementary Table S3), these genes were all 
associated with virus diseases.

(4) Stem
A metabolism module was identified in Stem, which 
was mainly involved in metabolism-related BPs such 
as organic substance metabolic process, biosynthetic 
process, and nucleic acid metabolic process (Fig. 8D). 
Stem cell activation and differentiation occur along 
changes in cellular metabolism. Metabolic transitions 
translate into changes in redox balance, cell signal-
ling and epigenetics, thereby regulating these pro-
cesses [53]. The PPI network formed by this module 
is shown in Fig. 7E. We defined the 10 genes with the 
largest degrees as hub genes, and these genes were 
arranged in descending order of degrees as follows: 
TP53, GAPDH, HSP90AA1, CDK1, CCNB1, EEF2, 
HSPA4, NHP2, AURKB, RUVBL1.

(5) Radiation
A cell cycle module was identified in Radiation, 
which was mainly involved in mitotic G1/S tran-
sition checkpoint signaling, regulation of G1/S 
transition of mitotic cell cycle, positive regulation 
of cell cycle, and other BPs related to cell cycle, as 
well as mitotic G1 DNA damage checkpoint signal-
ing, DNA damage response, signal transduction by 
p53 class mediator, and other BPs related to DNA 
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damage (Fig.  8E). Ionizing radiation (IR)-induced 
DNA damage activates a number of DNA damage 
response and repair (DRR) signaling cascades that 
control cell cycle arrest, DNA repair, and the cell’s 
fate [54]. The PPI network formed by this module is 
shown in Fig. 7F. We defined the 12 genes with the 
largest degrees as hub genes (the degrees of the 10th, 
11th, and 12th genes were equal), and these genes 
were arranged in descending order of degrees as 
follows: MYC, ACTB, IL6, RELA, MDM2, CREB1, 
CDK9, CCNT1, PPP2R1A, CDKN1A, NGF, CSF2. 
By querying the DisGeNET database (Supplemen-
tary Table S3), these genes were all associated with 
malignant tumors. Some studies have shown that IR 
is associated with a higher risk of cancer, with 10% 
of all cancers caused by IR above baseline [55].
In summary, the gene modules identified by GMI-
GAGO perform important biological functions, and 
the hub genes can be used as potential targets for dis-
eases or radiation protection, which further proves 
that GMIGAGO has excellent performance in min-
ing molecular mechanisms.

Discussion
Traditional gene co-expression module identification 
algorithms only consider the similarity of gene expres-
sion, while the functional similarity within the module 
is low. To solve this problem, we proposed a functional 
gene module identification algorithm based on genetic 
algorithm and gene ontology: GMIGAGO. This algo-
rithm performs a two-stage clustering of genes: In the 
first stage, PAM-GA is used for the initial clustering of 
gene expression data (only considering the similarity of 
gene expression levels), and co-expression modules are 
obtained (to make the gene expression patterns within 
a module similar, we only considered the positive corre-
lation degree of gene expression, and the negative cor-
relation could also be considered in other tasks). In the 
second stage, based on the initial identification results, 
with the goal of improving the functional similarity 
within gene modules, FSO-GA is used to adjust the mod-
ule to which the gene belongs. Compared with the other 
algorithms, the results obtained by PAM-GA had the 
highest Silhouette Score on all datasets, indicating that 
PAM-GA could identify better gene co-expression mod-
ules. Moreover, the functional gene modules adjusted 
by FSO-GA had the highest functional similarity (much 
higher than state-of-the-art algorithms). GMIGAGO 
considers both the expression similarity and function 
similarity within the modules at the same time, and can 
obtain gene modules with higher biological significance 
from the perspective of molecular biology.

NEO-K-Means [28] is an overlapping clustering algo-
rithm proposed by Whang et al. It extends the objective 
function of K-Means and solves the overlapping and non-
exhaustive problems uniformly. For a dataset containing 
n samples, the algorithm does the following: (1) Select 
k cluster centers arbitrarily, where k is the number of 
clusters. (2) Assign n− βn samples to the nearest clus-
ter centers. (3) Sort the distances from all samples to all 
cluster centers, select the αn+ βn smallest distances, and 
assign the samples to the corresponding clusters (except 
for assignments that already exist in (2)). (4) Take the 
mean of the samples in each cluster to get the new clus-
ter center. (5) Go to (2) until the termination condition 
is met. To obtain gene modules with similar expressions 
and similar functions, we extended it based on the above 
ideas: Since PAM-GA had obtained better cluster cent-
ers and assignments based on the expression similarity, 
FSO-GA actually only needed to simulate one iteration 
in NEO-K-Means. Through the ingenious design of the 
objective function (Formula 6), FSO-GA can continu-
ously improve the functional similarity and enrichment 
significance within the module in this process. Further-
more, unlike NEO-K-Means, we didn’t specify that a gene 
must belong to a certain module, but developed a list of 
potential membership modules for each gene through 
the rules of expression similarity. By the search of GA, 
the membership module for each gene was determined 
according to the objective function. This change lead 
more information of each gene to be considered, which 
was beneficial for obtaining gene modules with higher 
functional similarity. Data analysis showed that the mod-
ules obtained by our algorithm were better than that of 
NEO-K-Means.

There are many parameters in GMIGAGO, most of 
which come from GA (size of the population, number of 
generations, mutation rate, etc.), and their setting strategy 
is consistent with traditional GA, which can be adjusted 
according to actual problems. As FSO-GA needs to per-
form many GO enrichment calculations when obtain-
ing individual fitness, and the time complexity is high, so 
the size of the population ( P ) and number of the genera-
tions ( G ) of FSO-GA should not be set too large. In gen-
eral, we recommend that P be set to 1000 ~ 2000, and G 
be set to within 20 (these two values can be higher if there 
is enough computing power). In fact, after many experi-
ments, it could be seen that FSO-GA had a fast conver-
gence speed due to the elite crossover strategy (generally, 
it can converge after about 10 iterations), so there was no 
need to set these two parameters too large. On the other 
hand, GMIGAGO focuses on the appropriate optimiza-
tion of functional similarity based on gene co-expression 
modules, rather than finding the global optimal solution 
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(a group of optimal modules) with the highest functional 
similarity, so the cost of calculation is acceptable.

In particular, FSO-GA is sensitive to over and α . For 
over, it adjusts the overlap degree between modules 
(similar to the effect of α in NEO-K-Means). The larger 
the over, the more overlapping genes between modules, 
and the more modules with the same functions. Notably, 
due to genes performing the same functions might have 
different gene expression patterns, we allowed multiple 
modules to perform the same biological functions (for 
example, multiple modules in BRCA are mainly involved 
in cell cycle-related BPs, which are the most important 
BPs in BRCA). Generally, the over can be set to 1 firstly. If 
there are too many modules with the same functions (the 
functions between modules cannot be distinguished), the 
Over can be gradually lowered to obtain better results. 
In addition, to maintain higher enrichment significance 
while increasing the functional similarity within the 
module, so as not to generate many modules with lower 
biological significance, we considered both functional 
similarity (Sim) and functional significance ( Sig ) in the 
objective function of FSO-GA and used parameter α to 
balance. The larger the α is, the larger the proportion 
of functional similarity in the objective function is. We 
aimed to maximize functional similarity within modules, 
so a larger α was used in this work. In practice, the value 
of α can be adjusted according to the actual situation.

As the potential data distribution is unknown, the num-
ber of clustering clusters (k) cannot be obtained by a perfect 
method at present [56]. Because a higher Silhouette Score 
represents a better clustering result, it is used to determine 
the number of clusters in many tasks [57]. Based on this, 
the prior knowledge and Silhouette Score were combined 
to determine the number of gene modules in our work. 
Namely, let k take values in [8, 20] in turn and execute the 
clustering algorithm, and select the k that made Silhouette 
Score the highest in this range, where, the determination of 
the interval [8, 20] is based on prior knowledge: the number 
of gene modules should not be too large or too small. Too 
few modules will lead to too many kinds of biological pro-
cesses involved in a module, which is also not conducive to 
the optimization of gene modules; and too many modules 
will lead to a lot of invalid modules with few genes.

We took BRCA as an example to show the downstream 
application of GMIGAGO, including enrichment results 
analysis, association analysis between modules and clini-
cal indicators, and identification of hub genes, etc. From 
the experimental results, the gene modules identified by 
GMIGAGO played important roles in BRCA, where the 
immunity module was down-regulated in all stages of 
BRCA, especially in advanced stages, and it also reflected 
the immune response of different patients after treatment. 
Therefore, GMIGAGO can characterize the occurrence 

and development of diseases at the molecular level, and 
it can also analyze the mechanism of individual differ-
ences. Moreover, the hub genes in the immunity module 
can be used as potential therapeutic targets. Furthermore, 
the results obtained by GMIGAGO can also be used to 
predict gene functions. Since the genes within a module 
have both expression similarity and functional similar-
ity, these genes can be considered being related to a spe-
cific function. Taking the immunity module in BRCA as 
an example, we input the genes in this module into the 
immune database ImmPort [58] (https://​www.​immpo​rt.​
org) for query, and found that 71 genes (15.2% of the total 
number of genes in the module) existed in the ImmPort. 
Obviously, the immunity-related genes contained in 
ImmPort may not be complete, and the confirmed immu-
nity-related genes in this module should be more than 71. 
On the one hand, these results prove the reliability of our 
functional gene modules. And on the other hand, it also 
shows that there are many genes in this module that have 
not been experimentally confirmed to be related to immu-
nity, which can be predicted as genes involved in immune 
response in BRCA, laying a foundation for further screen-
ing biomarkers of breast cancer.

Conclusion
In order to consider both expression similarity and 
functional similarity during gene module identification, 
GMIGAGO (a functional Gene Module Identification 
algorithm based on Genetic Algorithm and Gene Ontol-
ogy) was proposed in this work. We showed that GMI-
GAGO identified the gene modules with the highest 
functional similarity (much higher than state-of-the-art 
algorithms). Through application analysis, it can be seen 
that GMIGAGO has excellent performance in mining 
molecular mechanisms.
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